More than 10% of the population has dyslexia, and most are diagnosed only after they fail in school. This work seeks to change this through scalable early detection via machine learning models that predict reading and writing difficulties by watching how people interact with a linguistic web-based game: Dytective. The design of Dytective is based on (i) the empirical linguistic analysis of the errors that people with dyslexia make, (ii) principles of language acquisition, and (iii) specific linguistic skills related to dyslexia. Experiments with 243 children and adults (95 with diagnosed dyslexia) revealed differences in how people with dyslexia read and write. We trained a machine learning model that was able to predict dyslexia with 83% accuracy in a held-out test set with 100 participants. Currently, we are working with schools to put our approach into practice at scale to reduce school failure as a primary way dyslexia is diagnosed.
INTRODUCTION
More than 10% of the population has dyslexia. For instance, the U.S. Congress reported that from 10 to 17.5% of the population has dyslexia. Dyslexia has a neurological origin, and results in difficulty with reading and writing [13, 33] . If people know they have dyslexia, they can train with effort over time to overcome its negative effects.
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Figure 1: Dytective is a web-based game designed to detect dyslexia in an affordable and scalable way. Players complete linguistically motivated activities designed to reveal differences between people with and without dyslexia. This photo shows a stage in which players hear a syllable that they should click, e.g., and then click that letter as many times as possible within a time limit.
When people with dyslexia are not diagnosed and provided with appropriate support, they often fail in school. For instance, the Spanish Ministry of Education states that over 40% of the school dropout rate is due to dyslexia [16] . School failure is a primary way that people first learn that they might have dyslexia, which often comes too late for effective intervention. Students are not properly diagnosed because current procedures for diagnosis are expensive [18, 23] and require professional oversight [6, 9, 31] . Our goal is for everyone to know as early as possible if they might have dyslexia. Our approach to achieving this goal is to make it easy, inexpensive, and even enjoyable to find out.
Our method 1 started with a large corpus of errors made by people with dyslexia in reading and writing tasks. We then created game activities with progressing levels of difficulty by leveraging theory of linguistic and attentional tasks that are challenging for people with dyslexia. Finally, we packaged these activities into a web-based game called Dytective.
Dytective records a wide variety of human-computer interaction measures from people playing the game, e.g. mouse movements, click times, errors. A machine learning model trained on 243 participants (95 with diagnosed dyslexia) is able to correctly determine if a person has (or has not) dyslexia with 83% accuracy on a held-out test set of 100 participants. A number of challenges make this prediction difficult: (i) our activities are based on linguistic exercises, and so may not work well for children still learning to read, (ii) many people with dyslexia have already started to work to overcome the effects of dyslexia and so may perform better than we expect, and (iii) absolute ground truth is difficult to obtain because even professional diagnoses are imperfect.
DYSLEXIA
In the Diagnostic and Statistical Manual of Mental Disorders (DSM-V), dyslexia is listed as a specific learning disorder having a neurological origin [1] . Dyslexia is characterized by difficulties with accurate and/or fluent word recognition and by poor spelling. These difficulties typically present as a deficit in the phonological component of language that is unexpected in relation to other cognitive abilities.
Why is Dyslexia Difficult to Detect?
Even in the UK, a country that effectively treats dyslexia as compared with other countries, only 5% of the individuals with dyslexia are diagnosed and given appropriate help; it is estimated that over 85% of adult illiterates have dyslexia [7] . Even if research agrees in the neurological universality of dyslexia, its manifestations are different across languages, depending on the grade of regularity of the language orthographies.
For instance, English has an opaque -or deep-orthography (the relationships between letters and sounds are inconsistent) and Spanish has a transparent -or shallow-orthography with more consistent mappings between letters and sounds [27] . While dyslexia manifestation in languages with opaque orthographies are related to reading and writing performance, the manifestations of dyslexia in languages with shallow orthographies are not that evident, with reading speed and fluency the main predictors [26] . While in an English speaking country a child that read slower but accurate might not been diagnosed with dyslexia; in a Spanish speaking country it could be diagnosed as dyslexic. In fact, dyslexia has been called a hidden disability due to the difficulty of its diagnosis in languages with shallow orthographies.
RELATED WORK
Lyytinen et al. [15] created the computer game Literate, later called GraphoGame [14] , to identify children at risk of having dyslexia before school age in Finland. Its exercises are aimed towards the connection of graphemes (letters) and phonemes (sounds). They conducted two user studies with 12 and 41 children between 6 and 7 years old with promising results. The authors provide statistical differences between populations but they do not run any machine learning prediction model. In comparison Dytective aims at people from all ages starting from 7 years old and cover a wider spectrum of cognitive skills including different levels of language and attentional abilities.
There are three projects on developing games to predict dyslexia in pre-readers that, to the best of our knowledge, did not report any prediction results. First, Gaggi et al. [12] tested a game with 24 pre-schoolers in Italy, that aimed at eye-hand coordination, visual spatial attention, rapid speechsound identification and discrimination as well as visual-tospeech sound. Second, Van den Audenaeren et al. [32] performed a user study with 20 pre-schoolers in Flanders and are currently developing the game DYSL-X for early risk detection of dyslexia, which includes letter and end-phoneme recognition as well as psycho-acoustical tests.
Why is Dytective Different?
Dytective differs from prior approaches in its content design and prediction model. First, the content of Dytective are exercises based on (i) the empirical linguistic analyses of the errors that people with dyslexia make, (ii) principles of language acquisition, and (iii) specific linguistic skills related to dyslexia. Second, this first game to use human-computer interaction measures to train a machine learning model to predict dyslexia. That is, to the best of our knowledge, Dytective is the first game that aims at screening dyslexia in Spanish applying machine learning to measures extracted from linguistic and attentional exercises designed on the basis of generated content by people with dyslexia.
METHOD: DYTECTIVE GAME DESIGN
Dytective is designed for dyslexia detection. It targets linguistic and attention abilities associated with having dyslexia. Players proceed through a series of timed stages composed of linguistic exercises of increasing difficulty. Detection is possible when people with dyslexia perform differently than those without dyslexia. To increase the likelihood of this happening, we designed the exercises using a corpus of real errors produced by people with dyslexia that we collected. Therefore, we expect that people with dyslexia will make more errors, and thus our method will be able to differentiate.
The goal for Dytective players is to solve as many linguistic problems as possible within a time limit. For instance, in Figure 2 players need to correct as many errors as possible (right), or hear a non-word and then click it as many times as possible within the time limit (left).
Content Design
Dytective has 17 stages, split into 32 levels consisting of 212 exercises in total. Each stage targets a different linguistic or attentional skills and all together aim to cover the maximum potential indicators of dyslexia that could be caught via a computer-game. The exercises are intended for 7 year old and older.
Errors as Source of Knowledge
Most approaches to diagnosis are based on reading and writing measures such as the the number of words read per minute or comprehension of written material. Dytective uses linguistic and attentional exercises designed to distinguish populations with and without dyslexia. Empirical analyses show that errors made by people with dyslexia are different from the errors made by people without dyslexia [29] and, have been successfully used for dyslexia intervention [24] . Hence, the criteria for the linguistic exercises were built on the basis of an analysis of an existing resource of errors made by people with dyslexia [22] .
We analysed the errors from a visual point of view (shapes and visual features shared by the letters of other linguistic segments involved in the errors) and from a linguistic point of view, taking into consideration all the language levels that were involved in the errors, mainly, phonetic, phonologically, morphologically and syntactic levels. The most frequent linguistic and visual features shared in the errors were incorporated into the exercises, as described below.
Targeting Linguistic and Attentional Skills
We manually created different kinds of exercises to cover the maximum number of linguistic and attentional abilities related to dyslexia and whose performance can be catched via a computer-based game. In Table 1 we present the cognitive skills that each exercise type targets (all the exercises can be grouped in 17 types of exercises or stages). Most of the exercises address phonological awareness because that meta-cognitive skill is the primary factor in solving reading and spelling problems, also in the case of dyslexia [3, 13] . Indirectly, all the exercises target visual attention skills which have been found to have a causal relationship with reading acquisition in the case of dyslexia [8] .
Linguistic Content and Ranking Criteria
The Dytective exercises get progressively more difficult both in later stages and within each stage [10] . Each stage is composed of a number of exercises, ranging from four to twenty-six exercises and they are ranked by their difficulty. We selected the linguistic input of the exercises, e.g., letters, syllables, etc., using both linguistic patterns extracted from our error analysis, and the order in which the linguistic elements and structures are naturally acquired [19] . Thus, exercises that appear earlier should be those that are easiest for people with dyslexia to complete, and should also be those that are easiest for younger children to complete.
In higher difficulty levels, the target letter, syllable, or word(s) tends to be less frequent, longer, has a more complex morphology, and has a higher phonetic and orthographic similarity with other words. Both, error analyses and previous literature show that phonetic and orthographic similarity makes it more challenging for people with dyslexia as together with frequency, length, morphological complexity. -At Stages 13 and 14 the player needs to spot written errors in sentences. The reason why we included these exercises is because one of the main challenges that people with dyslexia face is that they do not consciously detect errors while reading [2] . We used realword errors (correctly spelled words that are not the one the user intended to write, i.e. a letter *form you instead of i.e. a letter from you). In Stage 13 the errors occur in lexical words 3 and in Stage 14 in function words. 4 This way each of the group of exercises aim at different comprehension language levels and linguistic skills, Syntaxic Awareness and Semantic Awareness, respectively. We also made this differentiation because lexical and function words are processed differently [19] . For instance, the first exercises start with lexically simpler non-words, i.e. tada while in the higher levels the player is asked to write mabadana whose letters are more likely to be mistaken by people with dyslexia according to our empirical analyses of errors, because they share phonological and visual features.
Interface Design
Since text presentation significantly impacts the text readability of people with dyslexia we used black text on a white background, a large font size (minimum 18 points) and the monospaced Courier font face, which benefits both populations with and without dyslexia [21] .
Implementation
Dytective is a web based game written in HTML5, CSS and Javascript with a backend PHP server and a database. By using these web technologies it is possible to play Dytective on different devices such as desktops, tablets, and mobile phones. It was implemented with a high level abstraction to make it easily portable to native iOS or Android application for future implementations.
EXPERIMENTAL STUDY
We conducted a study with 243 participants (95 with dyslexia diagnoses) using a within-subject design. The goal of the study was to collect data needed to run a machine learning experiment to find out if error-based linguistic problems can predict dyslexia in Spanish. All of the participants played all stages of Dytective over 15 minutes, but may not have advanced through all of the exercises in each stage.
We conducted a parallel study with 100 participants that is only use as held-out test set for the evaluation and the results are reported in Section 7.2.
Participants
Participants were recruited through a public call that dyslexia associations distributed to their members; 95 participants had a confirmed diagnosis of dyslexia including the date the the place where they were diagnosed; 31 were at risk of having dyslexia or suspected that have dyslexia. The participants with dyslexia or at risk of having dyslexia consisted of 126 people (68 female, 58 male). Their ages ranged from 7 to 68 (M = 20.09, SD = 14.47). The group of participants without dyslexia was composed of 117 people 5 Letter whose sound correspondence is not straightforward, that is, letters that can correspond to different sounds depending on the context, for instance, letter c can be pronounced as /k/ in casa, 'house' or as /T ff / in cereza, 'cherry'. 6 Except for 17 adults, all were under observation by professionals, the step before having an official diagnosis.
(74 female, 43 male). Their ages ranged from 7 to 70 (M = 18.62, SD = 11.94).
All the participants' first language was Spanish, although 18 with dyslexia and 10 without dyslexia were fully bilingual in Spanish and another language spoken in the area where they live, such as Basque, Catalan, and Galician. 74 participants with dyslexia had previously failed Spanish subject at school, compared to only 30 participants without dyslexia.
Dependent Measures
To quantify performance, we used the following dependent measures extracted for each group of exercises: (i) Number of Clicks per stage; (ii) Hits, i.e. number correct answers; (iii) Misses, i.e. number in correct answers; (iv) Score i.e. sum of correct answers per group of exercises; (v) Accuracy defined as the number of Clicks divided by the number of Hits; (vi) Missrate defined as the number of Clicks divided by the number of Misses.
Materials and Procedure
We sent an announcement of the study to the main associations of dyslexia of hispanic countries and countries with large Spanish speaking populations, mainly Argentina, Chile, Mexico, Spain and the USA. We also sent the call to specialized centers that support people with dyslexia. Interested potential participants contacted us, and after we checked the participation requirements (age, mother languages and technical requirements) we set up a date to supervise the study. We met with the participants (and their parents in case the participant was underage) online or by telephone. After they signed the online consent and/or parental consent we gave them specific instructions and they completed the study. Parents were specifically warned that they could not helped their children to play Dytective and were asked again afterwards to double check. The data of two participants with dyslexia had to be deleted because their mothers explained to us that helped their children. One school and one specialized center collaborated in the study. For these cases the parental consent was obtained in advance and the study was supervised by the school counselor and the therapist respectively. We deliberately carried out the study in three different settings (home, school and a specialized centre) so our results are independent of the these settings.
DATASET
Our dataset was derived from the experimental study presented in the previous section with 243 participants (95 with diagnosed dyslexia) and a test set with 100 participants (10 with diagnosed dyslexia) that is representative of the population. 7 The dataset is composed of 197 features per participant, that is, 47,871 data points. From the dataset we extracted the following features, marked as D if the participant has dyslexia, N if not, and M (maybe) if the participant suspects that he or she has dyslexia but is not diagnosed.
[1] Age of the participant ranging from 7 to 70 years old.
[2] Gender of the participant, a binary feature with two values female and male.
[3] Second mother language in case of bilingualism; all the participants had Spanish as mother language.
[4] Spanish subject. This is a binary feature with two values, yes when the participant has ever failed Spanish subject at school and no when the participant have never failed that subject among all the school history.
[ Performance measures. These features correspond with the six dependent measures (Clicks, Hits, Misses, Score, Accuracy, and Missrate) we gather per level played (32 levels) , that is, 192 features corresponding to different cognitive skills ( Table 1) .
Some of the features have numeric (real or integer) values, so we established ranges for each of them to discretize the data by the population median.
RESULTS
In order to find out whether it is feasible to detect people with dyslexia after playing Dytective, we set up a machine learning experiment. Machine learning is the scientific discipline that studies algorithms that can learn from data and make predictions. The output of a machine learning algorithm is called a model, which is capable of making predictions given unseen data. In this case, the goal is to predict whether someone has dyslexia or not based on the data collected while participants played Dytective.
We used the binary classifier LIBSVM [5] in the polynomial Support Vector Machine (SVM) set-up. A SVM is a method for supervised learning that analyzes data and recognizes patterns for classification. Given a set of training examples, each marked as belonging to a category (in our case either having dyslexia or not), an SVM training algorithm builds a model that assigns new examples into the categories. When there is an input for the classifier it tries to assign a category to the input and then this is the classification output. Our SVM is trained on datasets like the one described in the Dataset Section, and it is able to perform predictions on new participants that may play Dytective.
We performed a cross validation experiment by dividing the dataset in 243 different subsets having only one participant each. We then iteratively trained a statistical model on all the data but one participant (242 participants) and tested the one held out. At the end, we had all the data tested independently. The participants marked as M (maybe) are used for training the models as if they are D (participants with dyslexia) but they are not used for evaluation. This means that we have 212 participants to test, and we train each model, a total of 212 models, with 242 experiments performed by participants.
The initial results suggest that the model predicts people having or not having dyslexia quite accurately, with a final result of 81.60% in the cross-validation experiment by using all features (151 performance features extracted from the game, plus age, gender, mother language and school performance). This means that the model correctly classifies 173 of the 212 participants.
Optimization
In order to improve performance, we carried out a feature selection experiment following a backward algorithm.
Score

Accuracy 83%
Precision -Class Dyslexia 36.0% Recall -Class Dyslexia 90.0%
Precision -Class Not-Dyslexia 98.7% Recall -Class Not-Dyslexia 82.2% Table 2 : Classifier accuracy in the cross validation experiment, using the optimized feature set and the ablated conditions in which all the features from a particular Stage are removed. The last row shows the result in which all the stages are included. Every feature was necessary for the highest accuracy rate.
We start testing a model with all features, and we iteratively removed features one by one by training new models; if the performance was better or equal than before we permanently remove the feature from the feature set, seeking more informative features.
After we have a partially reduced the feature set, we carried out a redundancy selection experiment, in which we removed features in pairs, by testing all possible combinations in a double loop, meaning that we fix a particular feature and we start removing all feature plus the particular feature that we have fixed before. If the performance is better or equal than before we remove the pair of features from the feature set.
After the optimization round we obtained an improved result of 85.85%, which increases the previous score substantially and reduces the number of features, from 198 to 150. Some of the dependent measures from some Stages were left out, such as the number of Clicks in Stage 4. The model selected features from all the stages. The model is now capable of correctly predicting the condition of 182 of the 212 participants.
Results in the Held-out Test-Set
We compiled a held-out test with 100 participants, 10 of them with dyslexia, that is similar to the percentage of people with dyslexia that we have in our society. We train a model in the entire training set and we report the results on the held-out test. The results are shown in Table 2 .
The first conclusion to extract is that the model is capable of detecting the risk of having dyslexia regardless of the distribution of people we have in our dataset.
Of course, better results are expected if we increase the size of the training set. However, 83% means that we are able to predict the risk of having dyslexia.
DISCUSSION
Our machine learning model trained on data from Dytective is able to classify people as having dyslexia or not with high accuracy. In this section, we explore the utility of the different features used and discuss the model's errors. Table 3 : Classifier accuracy in the cross validation experiment, using the optimized feature set and only the features from the given stage (left) and using all features except those from the given stage (right).
Feature Analysis
we use all the selected features except for the features of a particular stage. The main conclusion is that all the stages are needed; the tasks and the cognitive skills that target each stage complement each other, capturing linguistic and attentional difficulties that people with dyslexia have. The most informative stage by itself is Stage 16 (Word dictation), which achieves an accuracy of 75.94 using only performance measures extracted from that stage. However, when using the rest of the features, Stage 16 is more redundant than others being the Stage 2 (Letter recognition by sound) the most relevant in order to achieve a higher performance when all the stages are taking into account. When we remove the features from the Stage 2, the model only achieves accuracy of 74.06.
A possible explanation for why all the stages are informative could be that all indirectly -or directly in Stage 6 (Letter differentiation)-aim at visual attention. Previous studies have found that visual-spatial attention deficits are an indicator of dyslexia [8, 11] . It is also worth noting that this fact indicates that the method is more general and would not incorrectly classify people according to their age.
We do not directly measure reading speed even though that measure has been pointed out as the strongest indicator of dyslexia in languages with shallow orthographies such as Spanish [26] . However, some of our exercises require a little bit of reading (specially Stages 12, 13 and 14), so indirectly reading speed is considered.
Error Analysis
We analyzed the cases that our algorithm classifies participants wrong, the could be divided into three groups.
First, we found errors in in classifying young children without dyslexia (7-15 years old). A possible explanation of this is that at that age children are still acquiring basic reading skills and writing skills and the time of acquisition of those reading skills varies across subjects [34] . Therefore it is possible that some classified with risk of having dyslexia are just acquiring linguistic skills in a slower pace. This may be solved with more training data.
Second, we have a group of errors coming from teenagers and college students with dyslexia that are classified and people without dyslexia. These cases mainly correspond to people who was diagnosed a long time ago (more than five years) and that have received intervention since them. This is probably because these group have already learn how to overcome dyslexia and have developed the proper compensating strategies. In fact, previous studies show that with proper intervention the skills of people with dyslexia can be comparable to the rest [28] , and there was even found evidence of amelioriation in brain regions associated with phonological processing [30] .
Third, we observed that the algorithm fails with older adults (specially starting from 45 years old). For this group there are errors in both directions, people without dyslexia are classified as the risk group and vice versa. The possible explanation for this is the frequency of exposure to reading that the older participants have because the frequency in with people are exposed to words have a direct effect on their reading speed [4, 20] . While during school years that frequency is moderately homogenous due the schooling when it comes to adults it really depends on the personal choices and on the type of job that the participant has.
FUTURE WORK
Dytective presents a number of opportunities for future research. The current version only works for people with some reading ability, which means it cannot be used effectively for very young children. We plan to design a version of Dytective for pre-readers, starting from 3 to 6 years old.
Currently we are carrying out a large scale study with 10,000 participants to improve our prediction algorithm accuracy and being able to apply other machine learning approaches that require more data such as neural networks. We will use Dytective to detect dyslexia with students who have not yet been diagnosed. We will then follow them through their schooling to gauge the effectiveness of Dytective in its intended context. Finally, we are extending Dytective to other languages [25] , such as English and German, and to integrate the game into a free web-based platform that it can be easily shared. If we attract enough people to play the game, then we might be able to estimate the prevalence of dyslexia among web users, which is a long-standing challenge.
CONCLUSION
We have presented a game to detect dyslexia called Dytective. This game uses linguistic and attentional exercises that we designed in order to illustrate differences between people with and without dyslexia. A machine learning model trained on data collected from 243 Dytective players was able to predict dyslexia with 83% accuracy in a test set consisting of 100 new participants. Because Dytective is easy to access on the Web and does not require special equipment, it is easy to scale. Our hope is that it will lead to earlier detection of dyslexia and prevent children from being diagnosed with dyslexia only after they fail in school.
